Remote sensing evapotranspiration estimation over agricultural areas is increasingly used for irrigation management during the crop growing cycle. Different methodologies based on remote sensing have emerged for the leaf area index (LAI) and the canopy chlorophyll content (CCC) estimation, essential biophysical parameters for crop evapotranspiration monitoring. Using Sentinel-2 (S2) spectral information, this study performed a comparative analysis of empirical (vegetation indices), semi-empirical (CLAIR model with fixed and calibrated extinction coefficient) and artificial neural network S2 products derived from the Sentinel Application Platform Software (SNAP) biophysical processor (ANN S2 products) approaches for the estimation of LAI and CCC. Four independent in situ collected datasets of LAI and CCC, obtained with standard instruments (LAI-2000, SPAD) and a smartphone application (PocketLAI), were used. The ANN S2 products present good statistics for LAI (R 2 > 0.70, root mean square error (RMSE) < 0.86) and CCC (R 2 > 0.75, RMSE < 0.68 g/m 2 ) retrievals. The normalized Sentinel-2 LAI index (SeLI) is the index that presents good statistics in each dataset (R 2 > 0.71, RMSE < 0.78) and for the CCC, the ratio red-edge chlorophyll index (CI red-edge ) (R 2 > 0.67, RMSE < 0.62 g/m 2 ). Both indices use bands located in the red-edge zone, highlighting the importance of this region. The LAI CLAIR model with a fixed extinction coefficient value produces a R 2 > 0.63 and a RMSE < 1.47 and calibrating this coefficient for each study area only improves the statistics in two areas (RMSE ≈ 0.70). Finally, this study analyzed the influence of the LAI parameter estimated with the different methodologies in the calculation of crop potential evapotranspiration (ET c ) with the adapted Penman-Monteith (FAO-56 PM), using a multi-temporal dataset. The results were compared with ET c estimated as the product of the reference evapotranspiration (ET o ) and on the crop coefficient (K c ) derived from FAO table values. In the absence of independent reference ET data, the estimated ET c with the LAI in situ values were considered as the proxy of the ground-truth. ET c estimated with the ANN S2 LAI product is the closest to the ET c values calculated with the LAI in situ (R 2 > 0.90, RMSE < 0.41 mm/d). Our findings indicate the good validation of ANN S2 LAI and CCC products and their further suitability for the implementation in evapotranspiration retrieval of agricultural areas.
Introduction
Monitoring the growth of agricultural crops during the whole growing season is important for increasing crop yields and reducing costs and input resources for the agricultural sector [1] . Spatially-explicit knowledge of biophysical variables, such as the leaf area index (LAI) and the chlorophyll content (Chl), is fundamental for the understanding of agricultural ecosystems [2] . Moreover, the variables as LAI are used as inputs of important agricultural models, such as the adapted FAO-56 Penman-Monteith (FAO-56 PM) model [3] which derives the reference (ET o ) and potential (ET c ) crop evapotranspiration. Different empirical methods to estimate evapotranspiration (ET) have been developed over the last 50 years by numerous specialists worldwide. Testing the accuracy of these methods in situ is however time-consuming and costly, and yet ET data are frequently needed at short notice for irrigation scheduling design. The Penman-Monteith model (FAO-56 PM) [3] , also referred as the one-step or direct approach, is considered to offer the best results with a minimum possible error. During recent years, there has been a consistent effort to estimate vegetation parameters from remotely sensed data, allowing to adapt the Penman-Monteith equation for direct use with Earth observation (EO) based LAI and surface albedo retrieval [4] , minimizing time and cost. Consequently, nowadays it is the most commonly used method for the estimation of ET [5] [6] [7] .
LAI is defined as the one half of the total leaf area per unit horizontal ground surface area (m 2 leaf per m 2 surface or dimensionless) [8] and Chl is given by the weight of green pigment per leaf surface (g Chl per m 2 leaf) [9] . By quantifying and monitoring both parameters, the photosynthetic capacity [10, 11] , nutrient stress [12, 13] and development stage [14, 15] of crops can be detected. There are two approaches to remotely estimate Chl in crops. One of them is by the assessment of the leaf chlorophyll content (LCC) [16] and the other approach is based on canopy chlorophyll content (CCC), the total crop chlorophyll content, which is defined as the product of LCC and LAI [17] . Different studies have demonstrated that a direct estimation of CCC is more robust and accurate than an estimation based on the product of the individual estimation of LAI and LCC [18] . Therefore, the remote estimation of CCC has been preferred the one of the LCC.
The direct field measurements of biophysical parameters require continuous updates and can be extremely time-consuming and expensive [19] . Therefore, remote sensing from satellite, aerial and unmanned aerial vehicle platforms has become a popular technique for monitoring agricultural areas because of its ability to acquire synoptic information at different times and spatial scales [20, 21] . There are different approaches for estimating biophysical parameters from remotely sensed data, i.e., (1) empirical retrieval methods, which consist of relating the biophysical parameter of interest against spectral data (e.g., vegetation indices-VIs), (2) statistical category, which defines regression functions according to information from remote sensing data (e.g., artificial neural network-ANN) and (3) physically-based retrieval methods, which refers typically to the inversion of radiative transfer models (RTMs) against remote sensing observations. The empirical approaches provide an acceptable level of accuracy in the estimation of important biophysical parameters and can be calculated without high computational demands, but due to the sensitivity of VIs to vegetation type, the site and sensor characteristics, reliable ground measurements are required for model calibration. Furthermore, VIs are affected by the canopy structure, given different leaf angles, leaf spatial distribution and row orientation, which strongly influences canopy reflectance, which is further influenced by soil optical properties and sun-target-sensor geometry [15] . Additionally, VIs are generally based on only a few spectral bands and a single-angle observation, leading to an under-exploitation of the full spectral and directional range available from new generation sensors. Despite the above, there are VIs based models that have been improved because they also account for other factors such as the bare soil response affecting the canopy reflectance, as is the case of the Clevers leaf area index by reflectance (CLAIR) model [22] .
The statistical methods can be either parametric or non-parametric [23] . Parametric models rely on physical knowledge of the problem and build explicit parameterized expressions, assuming a finite set of parameters. Therefore, the complexity of the model is bounded even if the amount of data is unbounded. This makes them quite inflexible. Alternatively, non-parametric models are adjusted to predict a variable of interest using a training dataset of input-output data pairs, building a non-linear regression model using the observed parameters as inputs and without taking into account physical restrictions. This makes them more flexible.
On the other hand, the physically based models of canopy reflectance consider the crop architecture, illumination, soil backgrounds and viewing geometries, making them applicable across multiple operational applications for crop biophysical parameters retrieval [24] . Nevertheless, other restrictions, such as the intrinsic risk of oversimplifying the architecture of canopy for those RTMs fast enough for operational applications, have to be considered in this context [25] . They generally correspond to a simple description of canopy architecture which may not represent the actual one, particularly regarding the clumped nature of many vegetation types. Moreover, in these approaches, radiometric measurement uncertainties have to be added to the simulations when building up the training datasets [26] . The ill-posed problem has to be taken also into account when performing model inversion: The different parameter combinations may produce almost identical spectra, resulting in significant uncertainties in parameter estimation [27] .
For agricultural monitoring by remote sensing, the spatial resolution should be at least 20 m and, preferably, 10 m in order to make site-specific management possible [28] . A temporal resolution of less than a week would be required to follow-up acute changes in the crop condition and provide a timely response in management practices. Specifically, extensive research has been carried out on ET crop estimation for management strategies using EO data, but to date, one of the major limitations for their applicability and technological transfer was the limited spatial and temporal resolution of the sensors [29] . In this context, the Sentinel-2 (S2) mission from the European Space Agency (ESA) [30] fulfills such operational requirements. S2 is a constellation of satellites, Sentinel-2A (S2A) and Sentinel-2B (S2B) at the moment, launched by the ESA on 23 June, 2015 and 7 March, 2017, respectively. They occupy the same sun-synchronous orbit at an altitude~786 km, but are separated by 180 • . Together, they provide better than 5-day revisit of the Earth's land surfaces under cloud-free conditions with a 10, 20 and 60 m of pixel size. S2A and S2B carry on board a virtually identical sensor, named the multi-spectral imager (MSI), covering the visible, the near-infrared (NIR) and the shortwave-infrared (SWIR) spectral regions. Hence, the S2 mission improves the temporal, spatial and spectral resolution of remote sensing data, compared to other multi-spectral missions, such as Landsat, and offers great opportunities for agricultural monitoring. For S2, the operational biophysical parameter products associated with a quality indicator are provided through the Sentinel Application Platform (SNAP) toolbox and produced through an ANN which has been trained by simulated spectra generated from well-known RTMs [31] . However, the accuracy of these products has been poorly tested, producing mostly improvable results [32, 33] . It should be mentioned that both the S2 satellite images and the SNAP program are free of charge.
The present work aims at evaluating empirical (VIs), semi-empirical (CLAIR model) and ANN S2 products derived from SNAP biophysical processor methods for LAI and CCC estimation, the essential parameters to understand the evapotranspiration process. Section 2.1 describes the four test sites used in this study, a strong point of this research as they are totally independent zones with their specific characteristics. Section 2.2 details the field measurement protocol followed for the measurement of the LAI and LCC parameters in each of the zones, as well as the field instrument calibration equations. Section 2.3 specifies the four datasets obtained from the field campaigns, detailing the crop types sampled and the number of samples of each crop type, among other characteristics. From these in situ data and the corresponding S2 spectral information, the ANN S2 products are applied (Section 2.4), as well as the semi-empirical CLAIR model and the most commonly VIs used by the literature for the estimation of LAI and CCC (Section 2.5). Section 2.6 describes the FAO-56 PM equation adapted to remote sensing, specifying where the LAI parameter is within the equation. Section 3 details the results obtained for the estimation of the LAI and CCC parameters with each of the methodologies, as well as the impact obtained from the LAI parameter on the FAO-56 PM equation. Finally, Section 4 evaluates the results, highlighting the positive and negative aspects of each method and comparing with other studies. Section 5 outlines the main conclusions, specifying the most optimal methodology for LAI and CCC retrieval and for the evapotranspiration estimation from the operational point of view.
Materials and Methods

Study Sites
Four different test areas have been used in this study. Two study sites are located in Italy, another in Argentina and, finally, one in Spain (Figure 1 ). 
Field Measurement Protocol
The measurements were collected following the Land European Remote-Sensing Instruments (VALERI) field protocol [38] . The VALERI protocol is a sampling strategy corresponding to high spatial-resolution satellite imagery, choosing elementary sampling units (ESUs) of 20 m × 20 m for each measuring plot. Each ESU was chosen in the middle of the crop field, keeping a minimum distance of 20 m from the edges of the field. To account for the spatial LAI and LCC variability within each ESU, the measuring points were sampled following a square spatial sampling with 5 random measurements at each point (A, B, C, D and E), providing a statistically mean LAI and LCC estimate per ESU ( Figure 2 ). The center of the ESU (sampling point A) was geo-located using a GPS providing an accuracy of less than 5 m for later matching the mean LAI and LCC estimate with the corresponding S2 reflectance data. In the different field campaigns, the LAI and LCC biophysical parameter data were taken with 
Caserta (Italy)
One test site is an Italian agricultural area near Caserta (study site central coordinates 41 • 24 8.86"N, 14 • 6 54.24"E, 134 m a.s.l., Datum WGS84), located 30 km from the coast. The climate is Mediterranean, but with a marked continental influence. Due to this influence, abrupt seasonal and daily temperature changes are produced, with an average annual temperature of 15.2 • C, but with hot and dry summers, with temperatures easily exceed 30 • C (July, August) and winters with temperatures close to 5 • C (December, January). The annual rainfall is approximately 580 mm, occurring mainly during autumn and winter [34] . This agricultural area is mainly composed of oat and alfalfa irrigated crop types, cultivated in plots in size of more than 100 m in length.
Tarquinia (Italy)
The second test site located in Italy is an agricultural area near Tarquinia municipality (study site central coordinates 42 • 17 12.30"N, 11 • 41 8.83"E, 25 m a.s.l., Datum WGS84), being 3 km from seashore. The climate is typical Mediterranean characterized by warm dry summers, mild winters, and with an average annual rainfall of approximately 600 mm, mainly concentrated in autumn and spring. The mean daily temperature is 15.3 • C (ranging from 7.7 • C in January and of 23.7 • C in July) [35] . The area is characterized by intensive agricultural management due to the production of irrigated crops, mainly tomato, cultivated in plots with a size smaller than 100 m in length. The third study area is located in the Buenos Aires province, south of Bahía Blanca (study site central coordinates 39 • 3 53.32"S, 62 • 40 21.50"W, 26 m a.s.l., Datum WGS84). It is situated in a plain with slopes that descend towards the coast. The climate is temperate, sub-humid with moderate temperatures but with high variability (ranging from 23 • C in January and of 7.6 • C in July) and there is no dry season. The average annual rainfall is 385 mm, being the rainiest months: February, March, October and November [36] . The study area is far from the coast in a range of 40 -100 km. This test site is composed of irrigated and rain-fed multi-crop types, mainly wheat, onion and oat crop types, cultivated in plots of size larger than 300 m in length.
Valencia (Spain)
The last study site is located around Valencia city (Spain), in an area named Huerta of Valencia (study site central coordinates 39 • 31 11.73" N, 0 • 23 20.48" W, 18 m a.s.l., Datum WGS84). It is a zone in an alluvial plain with an approximate area of 12,000 hectares, located 6 km from the sea. The climate is typically Mediterranean with mild winters and hot dry summers and a yearly average temperature of approximately 18 • C (ranging from 11.8 • C in January and 25.6 • C in July). The seasonal rainfall is minimal in summer and maximal in autumn and spring, with an average annual value of 230 mm [37] . A complex historical irrigation system based on irrigation ditches brings water to this fertile soil in which cereals, vineyards and olive trees were originally the main crops. Nowadays, they have been replaced by rice, tigernut and new species of vegetables and citric orchards. All these crop types are currently cultivated in plots in size of 40-100 m in length (< 1 ha).
Field Measurement Protocol
The measurements were collected following the Land European Remote-Sensing Instruments (VALERI) field protocol [38] . The VALERI protocol is a sampling strategy corresponding to high spatial-resolution satellite imagery, choosing elementary sampling units (ESUs) of 20 m × 20 m for each measuring plot. Each ESU was chosen in the middle of the crop field, keeping a minimum distance of 20 m from the edges of the field. To account for the spatial LAI and LCC variability within each ESU, the measuring points were sampled following a square spatial sampling with 5 random measurements at each point (A, B, C, D and E), providing a statistically mean LAI and LCC estimate per ESU ( Figure 2 ). The center of the ESU (sampling point A) was geo-located using a GPS providing an accuracy of less than 5 m for later matching the mean LAI and LCC estimate with the corresponding S2 reflectance data. 
The measurements were collected following the Land European Remote-Sensing Instruments (VALERI) field protocol [38] . The VALERI protocol is a sampling strategy corresponding to high spatial-resolution satellite imagery, choosing elementary sampling units (ESUs) of 20 m × 20 m for each measuring plot. Each ESU was chosen in the middle of the crop field, keeping a minimum distance of 20 m from the edges of the field. To account for the spatial LAI and LCC variability within each ESU, the measuring points were sampled following a square spatial sampling with 5 random measurements at each point (A, B, C, D and E), providing a statistically mean LAI and LCC estimate per ESU ( Figure 2 ). The center of the ESU (sampling point A) was geo-located using a GPS providing an accuracy of less than 5 m for later matching the mean LAI and LCC estimate with the corresponding S2 reflectance data. In the different field campaigns, the LAI and LCC biophysical parameter data were taken with different instruments. The LAI measurements were carried out by using the Plant Canopy Analyzer instruments LAI-2000 and LAI-2200 (Li-COR Inc., Lincoln, NE, USA) and PocketLAI smartphone application (University of Milan, DiSAA, Cassandra lab, version 1.6.5.2c) [39] . The LCC parameter, on the other hand, was taken with the MC-100 Chlorophyll Concentration Meter (MC) (Apogee Instruments, Inc., Logan, UT, USA) and Chlorophyll Meter SPAD-502Plus (SPAD) (Konica Minolta Optics Inc., Japan). The field sampling protocol was identic for all study sites and instruments. Since In the different field campaigns, the LAI and LCC biophysical parameter data were taken with different instruments. The LAI measurements were carried out by using the Plant Canopy Analyzer instruments LAI-2000 and LAI-2200 (Li-COR Inc., Lincoln, NE, USA) and PocketLAI smartphone application (University of Milan, DiSAA, Cassandra lab, version 1.6.5.2c) [39] . The LCC parameter, on the other hand, was taken with the MC-100 Chlorophyll Concentration Meter (MC) (Apogee Instruments, Inc., Logan, UT, USA) and Chlorophyll Meter SPAD-502Plus (SPAD) (Konica Minolta Optics Inc., Japan). The field sampling protocol was identic for all study sites and instruments. Since the MC and SPAD instruments provide digital count values, a calibration equation is required to finally obtain the chlorophyll content. In the case of the MC instrument, it uses a calibration equation specific to each crop type. In this study, the equations for wheat (Equation (1)) and for tomato crop type (Equation (2)) were used concretely [40] . In the case of the SPAD instrument, an adjusted calibration equation for many plant species was used, so Equation (3) was applied as the standard equation for all crop types [9] .
(wheat) LCC g Table 1 summarizes the characteristics of the four datasets used in this study. On the one hand, the field data of Caserta (Italy) were taken with LAI-2000 and SPAD, during the days 12 and 20 March, 2019, obtaining a dataset composed of 50 mean LAI and CCC (LAI × LCC) values of three different crop types. This dataset is hereafter called "CAS19_IT". Regarding Tarquinia dataset, hereafter called "TAR16_IT", is composed of 44 mean LAI and CCC values of two common crop types, taken with LAI-2000 and MC instruments during several dates to cover a wider variety of growth stages (17 March, 19 April, 6 May, 8 and 25 June, 8 and 28 July, 2016). The other two datasets are composed of multi-crop data. A dataset obtained in Argentina ("BAH18_AR"), composed of 50 LAI and CCC mean values taken with PocketLAI and SPAD during 16, 17, 21 and 23 November 2018. Further, another taken in Huerta of Valencia (Spain), hereafter called "VAL18_ES", composed of 48 LAI and CCC mean values obtained on 1, 3 and 4 October 2018. Furthermore, bare soil ESUs were included in all datasets (LAI = 0, LCC = 0 g/m 2 ), with the aim of creating a more robust and general method. All datasets are covering a wide range of crop LAI values, i.e., from 0 to 5, and CCC values, i.e., from 0 to 5.4 g/m 2 , providing an optimal basis for the definition of a new general methodology.
Datasets
Sentinel-2 Imagery and SNAP Biophysical Processor Products
All field campaigns were carried out on days close to the overpass dates of S2 over the study area with a maximum difference of three days. The technical characteristics of the MSI on-board the S2 satellites are outlined in Table 2 [41] . The images were downloaded directly and free of charge from the ESA server [42] . ESA provides Level-1C (L1C) images, which were geometrically corrected with top-of-atmosphere (TOA) reflectance and, in some places, Level-2A (L2A) images, which were geometrically and atmospherically corrected, with top-of-canopy (TOC) reflectance. Two available cloud-free L1C acquisitions of S2 over Caserta were downloaded, seven over Tarquinia, three over Argentina and one over Spain (Table 3 ). These images were atmospherically corrected using the Sen2Cor processor (version 2.5.5) available in the SNAP toolbox (version 6.0), converting TOA reflectance into TOC reflectance [43] . Further, they were resampled to 10 m pixel size with all selected pixels falling entirely inside the corresponding ESU, obtaining the TOC reflectance spectrum for each ESU. The SNAP toolbox additionally provides a scientific tool named the Biophysical Processor for the retrieval of LAI, CCC, canopy water content (CWC), fraction of photosynthetically active radiation absorbed (fAPAR) by the canopy green elements and the fraction of vegetation cover (FVC) variables. The retrieval algorithms for these parameters are based on an ANN approach, trained with a globally representative set of simulations from a canopy RTM (PROSAIL: PROSPECT [44] + SAIL [45] ). The ANN algorithm hereby requires the input of eight S2 spectral bands (B3-B7, B8a, B11 and B12), which are all resampled to 10 m pixel size to derive LAI and CCC parameters. Additional, the quality indicators are attached to these SNAP biophysical products [31] . Through the Biophysical Processor, the LAI and CCC values together with the quality indicators from each ESU of all datasets were automatically obtained.
Semi-Empirical and Empirical Methods
To compare the ANN S2 products approach with semi-empirical and empirical ones, the LAI parameter was obtained with the CLAIR model and commonly used LAI VIs and CCC through the most commonly used VIs.
Semi-Empirical Method: The CLAIR Model
The simple and feasible approaches based on empirical relationships between LAI and nadir-viewing measurements in the red and near-infrared bands have been defined by several authors. One of these methods is the semi-empirical CLAIR model [22] . It is based on the logarithmic relationship between LAI and the Weighted Differences Vegetation Index (WDVI), using a soil line value to compensate for the errors related to soil background reflectance [46] :
where α* is an extinction coefficient expressing the increase of WDVI for a unitary increase of LAI, i.e., an empirical shape parameter, mainly depending on canopy architecture and computed from field measurements corresponding to the minimum error between the observed and estimated LAI. In this study, the commonly fixed values of 0.41 for herbaceous crop and 0.30 for tree were used [47, 48] . The R i and R r variables indicate the reflectance of the observed canopy in near-infrared (B8-842 nm) and red (B4-665 nm) bands respectively, while R soil,i and R soil,r are the corresponding values for bare soil conditions. The ratio R soil,i /R soil,r can be taken as the constant and is called the soil line slope [46] . In this work, the soil line slope was automatically estimated for each image, masking the vegetation, water and cloud pixels first with the Scene Classification (SCL) map derived by Sen2Cor and using the scatter plot between B4 and B8 S2 bands of all bare soil pixels [49] . Finally, WDVI ∞ is the asymptotical value of WDVI for LAI→∞, and is calculated at each acquisition at the target "vegetation cover (not woody) very dense and uniform" or maximum vegetation (agricultural) cover. In order to estimate Agronomy 2019, 9, 663 9 of 22 this number automatically, the WDVI index was applied to the whole S2 image and with the SNAP statistics estimation option, the mean (WDVI mean ) and standard deviation (WDVI SD ) were calculated and used in Equation (6). Table 4 shows the commonly used LAI and CCC indices evaluated in this study. The majority has a ratio form, with the structure of the NDVI and a quotient of addition and subtraction of three bands. The performance of these commonly used LAI and CCC indices were tested with the specific bands as defined by the original authors. The accuracies of each index were specifically analyzed with the coefficient of determination (R 2 ) and root mean square error (RMSE) obtained from applying them to the different datasets. 
Empirical Method: Established Vegetation Indices
Crop Potential Evapotranspiration (ETc) Based on LAI
The FAO-56 PM equation computes ET from standard climatological records of solar radiation, air temperature, relative humidity and wind speed, combined with active LAI (LAI active , LAI of sun-exposed leaves), surface albedo (α, influences the net radiation of the surface, which is the primary source of the energy exchange for the evaporation process), crop height (h c , influences the aerodynamic resistance term and the turbulent transfer of water vapour from the crop into the atmosphere) and resistance factors (Equation (7)). The resistance nomenclature distinguishes between aerodynamic resistance and surface resistance factors. The aerodynamic resistance (r a ) describes the resistance from the vegetation upward and involves friction from air flowing over vegetative surfaces. The bulk surface resistance parameter (r s ) describes the resistance of water vapour flow through the stomata openings and the active LAI (LAI active , LAI of sun-exposed leaves).
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Concretely, the α, the LAI and h c are integrated in the Equation (7) as follows:
where, R s is the total incoming solar radiation (MJ/m 2 d); r l is the bulk stomatal resistance of the well-illuminated leaf (s/m), Z U and Z h are the measurement heights for wind and humidity, respectively (m); h c is the crop height (m) and U is wind speed at height z (m/s). A minimum and constant value of r l is considered (100 s/m), so the surface resistance became only a function of LAI. To determine the aerodynamic resistance (r a ), this study set the zero plane displacement height (d = 2/3h c ), the roughness length for momentum Z 0m = 0.123h c and the roughness length for heat Z 0h = 0.0123hc, following FAO-56 PM indications for full homogeneous vegetation canopies [3] . Regarding h c , a mean of 0.4 m was applied for all crop types. It has been shown that a constant h c value of 0.4 m determines an error percentage ranging from ±2% (as respect to the h c of 0.1 m) and ±1% (as respect to the 0.6 m) on ET c [64] .
The surface albedo (α) is the spectrally integrated hemispherical solar reflectance and is the driving variable of the radiation budget of a surface. The estimation of α can be done using the measurements of the reflected solar radiance K ↑ (ϑ, Φ, λ) (W/m 2 sr) at a wavelength λ (nm) and can be expressed as a function of viewing zenith (ϑ) and azimuth (Φ) angles, respectively:
However, the current S2 sensor capabilities impose several simplifications. In the first instance, the observed surface is considered as Lambertian. Here, the dependence of K ↑ on ϑ and Φ is neglected and α can be estimated from any direction of observation by means of Equation (12), using the S2 reflectance corrected values for atmospheric effects (R λ ) and the weighting coefficient (ω λ ) for a given S2 band λ [65, 66] . The weighting coefficients for the calculation of α are summarized in [64] and compared to ground measurements in [67] . The weighting coefficient representing the solar radiation fraction derived from the solar irradiance spectrum within the spectral range for bands λ.
Crop potential evapotranspiration (ET c ) is the maximum value of crop evapotranspiration under standard conditions, i.e., the evapotranspiration from disease-free, well-fertilized crops, under optimum soil water conditions and achieving full production under the given climatic conditions. ET c is widely estimated by the bibliography as the product of the evapotranspiration from a reference surface (ET o ) and a dimensionless crop coefficient (K c ). The ET o is a hypothetical grass reference crop with an assumed crop height of 0.12 m, a fixed surface resistance of 70 s/m, an albedo of 0.23 and a LAI value of 2.88. The reference surface closely resembles an extensive surface of green, well-watered grass of uniform height, actively growing and completely shading the ground. The K c coefficient is specific to each crop and reflects the canopy development and water management practices over the course of the growing season. The standard K c values were collected in FAO-56 [3] , classified by the crop type and growing stage of the crop. Hence, ET c was computed in the sense as the product of ET o and the crop-defined K c without any remote sensing data (ET o × K c ). Next, the influence of the S2 retrieved LAI value on the FAO-56 PM equation (Equation (7)) was verified. This influence was analyzed by estimating ET c with LAI in situ data, and studying the variations produced by estimating ET c using ANN S2 LAI product, CLAIR model and the normalized Sentinel-2 LAI index (SeLI) index approaches. To evaluate ET c throughout the season, the dataset from Tarquina test site was used due to availability of temporal data of two crop types, wheat and tomato.
Results
This section is composed of the different results obtained with each of the LAI retrieval methods, i.e., ANN S2 LAI product, the CLAIR model and VIs, applied to the four in situ datasets. Secondly, the results obtained with the different CCC methodologies are shown, both the ANN S2 CCC product and those obtained with the commonly used CCC VIs. Finally, an analysis of how the LAI input variable affects the estimation of evapotranspiration calculated with the FAO-56 PM equation is presented.
Performance of LAI Estimation Methods
For the application of the CLAIR model, two methods for α* estimation were applied. In the first approach, simply named CLAIR, a fixed reference value for α* was applied depending on the two general crop types (0.41 for herbaceous crops and 0.30 for tree crops). In a second approach, named CLAIR opt , a calibrated α* value was applied from S2 image for each study area. The calibration consists of a regression analysis technique applied to the observed and CLAIR estimated LAI values of the satellite image where there are more in situ values. The resulting calibrated α* is considered the new constant α* and it is used in the rest of the images of the corresponding study area. Table 5 specifies the values obtained for soil line slope, WDVI ∞ and α* calibrated for each of the study areas. The ANN S2 product, CLAIR model, CLAIR opt model and the different VIs for LAI estimation were obtained for each test site and compared with the corresponding in situ LAI values of each dataset. Table 6 summarizes the different statistics (R 2 and RMSE) obtained for each test site, being the p-value < 0.001 in all cases. In general, almost all models produced results that came close to the ground-truth (R 2 > 0.6, RMSE < 0.9), except in the case of the Valencia dataset where all models obtained worse statistics, R 2 < 0.6 and a RMSE > 0.7. This may be due to the fact that this study area is mainly composed of crop types, e.g., lettuce, onion and orange tree which have a scarce and dispersed coverage, translating into a strong soil influence. Additionally, it is shown how the CLAIR opt model results are similar to those obtained with the non-calibrated model, improving slightly in the CAS19_IT and TAR16_IT dataset, i.e., halving the RMSE. In the two other datasets, the results of the CLAIR opt model are worse than the CLAIR model with fixed values. This may be because α* is optimized with only one satellite image per test site, which has the highest number of in situ values, making in some cases a possible error in α* creating a large impact on the results. The results of each model for all four study sites together are shown in Figure 3 . Figure 3a represents the validation of ANN S2 LAI product, observing that all the data are close to 1:1 line, except for the LAI in situ data from Valencia, where the ANN LAI product underestimates the LAI values ( Table 6 , RMSE = 1.19). Figure 3b shows the LAI values obtained with the CLAIR model with fixed values. In this case, the LAI values are more dispersed, being the LAI estimated values corresponding to the Tarquinia study area the least close to the in situ values ( Table 6 , RMSE = 1.47). Finally, Figure 3c shows the LAI values estimated with the SeLI index together with the different in situ data (LAI = 4.885SeLI − 0.205). The SeLI index is an index that presents good statistics in the different datasets, hence, the reason for its selection. Observing the graph, the LAI values are less dispersed but a clear saturation of the estimated LAI values with LAI values greater than 4 can be distinguished. The ANN S2 LAI product is the retrieval methodology that presents the least saturation problems with high LAI values. 
Performance of CCC Estimation Methods
In the case of the CCC variable, the ANN S2 CCC product and the VIs most widely used by the bibliography for CCC retrieval were calculated. Table 7 shows the statistics obtained by applying both methodologies at each study site, being the p-value < 0.001 in all cases. The different CCC methods present similar results to those obtained for the LAI parameter. Almost all models present 
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Given the different LAI retrieval methodologies, this study applied the FAO-56 PM equation (Equation (7)) to estimate the ETc of the wheat and tomato crop types in the seasonal dataset from Tarquinia (Italy) ( Figure 5 ). Specifically, ETc was calculated with both the albedo and LAI retrievals, estimated from the S2 images, together with the specific climatic conditions. In addition, the ETc values obtained with the traditional reference evapotranspiration (ETo) methodology by the corresponding crop-based Kc coefficient (ETo × Kc in black) were added. Specifically, a constant Kc 
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Given the different LAI retrieval methodologies, this study applied the FAO-56 PM equation (Equation (7)) to estimate the ETc of the wheat and tomato crop types in the seasonal dataset from Tarquinia (Italy) ( Figure 5 ). Specifically, ETc was calculated with both the albedo and LAI retrievals, estimated from the S2 images, together with the specific climatic conditions. In addition, the ETc values obtained with the traditional reference evapotranspiration (ETo) methodology by the corresponding crop-based Kc coefficient (ETo × Kc in black) were added. Specifically, a constant Kc value of 1.15 was used for the wheat crop type and for tomato, first 1.15 and in the late season stage of the plant (end of July), a value of 0.8. In the absence of the reference and independent ET data, i.e., from an Eddy Covariance station, the estimated ETc with the LAI in situ values were considered as the proxy of the ground-truth ETc (in red). The error bars are also included in Figure 5 , corresponding with the standard deviation obtained within each ESU that composes the TAR16_IT dataset. The ETo × Kc method does not present error bars because for the whole wheat and tomato plot, it presents the same value without differences. Table 8 specifies the R 2 and RMSE between ETc obtained by the different LAI retrievals and ETc obtained by in situ LAI data, being the p-value < 0.001 in all cases. Observing Figure  5a , together with the values in Table 8 , the ETc estimated with the LAI values of the SeLI index are Table 8 specifies the R 2 and RMSE between ET c obtained by the different LAI retrievals and ET c obtained by in situ LAI data, being the p-value < 0.001 in all cases. Observing Figure 5a , together with the values in Table 8 , the ET c estimated with the LAI values of the SeLI index are the closest to the ET c values obtained with LAI in situ (R 2 = 0.998, RMSE = 0.31 mm/d), followed by the ET o × K c method (R 2 = 0.998, RMSE = 0.32 mm/d) and the ET c estimated with ANN S2 LAI product (R 2 = 0.902, RMSE = 0.41 mm/d). On the other hand, in Figure 5b , this study identified that the ET c values closest to those estimated with LAI in situ, are the ones obtained with the ANN S2 LAI product (R 2 = 0.971, RMSE = 0.33 mm/d), followed by ET c estimated with the SeLI index (R 2 = 0.672, RMSE = 0.54 mm/d). In this case, the ET c estimated with the ET o × K c method presents statistics that can be improved (R 2 = 0.240, RMSE = 1.17 mm/d). In both crop types, the ET c estimated with LAI CLAIR presents a high RMSE, greater than 1 mm/d, according to the results obtained previously ( Table 6 ). 
Discussion
The importance of estimating biophysical variables lies in their use as input parameters for various models dedicated to the monitoring of seasonal plant functioning and the optimization of agricultural zones. If the estimation of variables, such as LAI and CCC, is through satellites as S2, information of these key variables can be obtained with high frequency and spatial resolution, increasing the accuracy of the dynamical models fed by their input. This study analyzes different methodologies to estimate LAI and CCC, the essential parameters for the understanding of the evapotranspiration process. Specifically, empirical (VIs), semi-empirical (CLAIR model with fixed and calibrated extinction coefficient) and ANN S2 products are derived from SNAP biophysical processor approaches for the LAI and CCC estimation, using S2 spectral information. Previous S2 retrieval works are commonly based on simulated data [68] or on in situ data taken only in one test site [69] . The main strength of this study is the use of four datasets with in situ multi-crop information obtained with different instruments from totally diverse test sites.
The VIs most commonly used by the scientific community for the LAI and CCC remote retrieval were applied to the four study areas. These indices have produced good results in previous studies both in the analysis of a single crop type [54, 58] and in the studies with a variety of crops [55, 63, 70] . In this study, one of the best indices, together with the EVI index, for the estimation of LAI in the four datasets i.e., successful in multi-crop data, was the SeLI index. This is a consistent result with a previous work that was done with LAI data taken in a multi-crop area [33] . SeLI uses the red-edge region as the area of greatest influence of the LAI (B5-705 nm) and the NIR region as the control band (B8a-865 nm). Furthermore, for the estimation of the CCC parameter, one of the VI with the best statistics in each dataset is the CI red-edge , which uses a two bands ratio located in the red-edge region (B5-705 nm, B7-783 nm). The S2 bands located in the red-edge area have been identified as key bands for the biophysical parameters estimation, mainly the LAI [52] and CCC [71] . One of the main critics of VIs is that it does not take into account other parameters that affect reflectance [16] . Hence, the methodologies based on VIs have been developed and improved by incorporating the calibration factors, such as the influence of bare soil. This is the case of the semi-empirical CLAIR [22] model composed of the WDVI, soil line concept and a correction coefficient corresponding to the minimum error between the observed and estimated LAI (α*). This model has been widely used for the estimation of the LAI parameter with different satellites such as DEIMOS-1 [72] or WorldView-2 [73] , and even with the S2 satellite [74] . In this study, this model is first estimated with a fixed value of α* parameter and after being checked with an optimized α* for each test site. The results with the optimized CLAIR model (CLAIR opt ) are better in the CAS19_IT and TAR16_IT datasets, especially in the latter where RMSE is halved. However, the CLAIR opt model obtains worse results in the Bahía Blanca and Valencia test areas. This may be due to the fact that the fixed value of α* is 0.41 and the optimized value is approximately 0.30 for the image with the highest number of in situ points. However, if the optimized α* of another image is checked, it returns approximately 0.60, so 0.41 is an intermediate value, obtaining in the end better results with the non-optimized CLAIR model. Other studies have obtained also better results with a fixed α* value than by performing a calibration process [72] . Therefore, from an operational point of view, the CLAIR model can be used with constant values. In case the area of study is specific, a calibration can be made but it should include the maximum in situ points from several images for an optimal calibration. On the other hand, several authors who have used the CLAIR model in their studies obtained saturation problems with high LAI values when WDVI value tended to WDVI ∞ [75] . This saturation process also occurs in our four datasets with the LAI values higher than 3. Generally, the studies based on the CLAIR model visually select approximately 50-100 bare soil pixels in the satellite image to estimate the soil line slope [72] . In this case, the soil line slope value has been estimated from all the bare soil pixels in the image, masking the rest of the pixels. In this case, the SCL map derived by Sen2Cor have been used for masking, producing good results.
Regarding the ANN S2 LAI and CCC products, the LAI product has been validated in several studies, obtaining results that can be improved (R 2 = 0.5), both when applied to a single crop type [76] and when validated with multi-crop data [33] . Even studies that have carried out an analysis of different retrieval methodologies concluded that VIs produce better results than the ANN S2 LAI product [77] . In this study, the ANN S2 LAI product obtains good results in the three datasets corresponding to Caserta, Tarquinia and Bahía Blanca test sites (R 2 > 0.7, RMSE < 0.9 g/m 2 ). The validation of the ANN S2 CCC product, on the other hand, has been done by very few studies and only for the wheat crop type. These studies obtained good results. A recent study [76] obtained a R 2 = 0.72 with the ANN S2 CCC product and in situ wheat data, and [78] has defined a relation between the ANN S2 CCC product and the canopy nitrogen, obtaining a R 2 = 0.90. The results of this study support and extend these results, obtaining a R 2 > 0.7 and RMSE < 0.7 g/m 2 , for three totally different agricultural areas and with different crop types: Caserta, Tarquinia and Bahía Blanca test sites.
The special case of the Valencia study area should be mentioned. This study site is characterized by very small plots (40-100 m in length) and composed of some crop types (e.g., orange tree and lettuce) with a fraction vegetation cover (FVC) ≈ 50% [33] , leaving the soil an important role. Therefore, the VIs and the ANN S2 products do not present good statistics in this area. The CLAIR model includes a soil correction factor, the soil line slope concept, which is expected to present better statistics. However, the model obtains improvable statistics (R 2 = 0.46, RMSE = 0.84). The FVC has always influenced remote sensing studies, not only in the biophysical retrieval models, also in studies related to evapotranspiration and irrigation management [79, 80] . Therefore, it is necessary to incorporate the FVC parameter in the biophysical models, mainly when they are applied to areas such as Valencia. A possible solution is to use the ANN S2 FVC product, but this must be validated to a further extent as very few studies are available concerning the quality analysis of this product. For example, a recent study [77] has validated the ANN S2 FVC product in soybeans, canola, wheat, corn, oats, black beans and alfalfa crop types, obtaining good results.
In general, the Plant Canopy Analyzer (LAI-2000, LAI-2200) is the instrument most commonly used to measure in situ LAI parameter [81, 82] . However, in many cases, this instrument is not available due to its high cost. In this study, the LAI data from Caserta, Tarquinia and Valencia were taken with the standard LAI instrument but the Bahía Blanca (Argentina) data were obtained with the PocketLAI smartphone application [83] . This application has been used in several previous works with satisfactory results, mainly on rice crop studies [84, 85] but also on other crop types such as vineyards [86] . In this last study [86] , both PocketLAI and the digital hemispherical photography (DHP) instrument were used and compared with destructive LAI values, observing that PocketLAI measurements were closer to the ground-truth (RRMSE = 43.00% for PocketLAI; RRMSE = 99.46% for DHP). Furthermore, in a recent comparative study of different LAI measurement instruments against destructive LAI values [39] , the PocketLAI was found to a good alternative for the LAI operational measurement due to its cost-effective and similar results to destructive LAI values, obtaining a RMSE of < 0.65 for alfalfa, broad bean and maize crop types.
Finally, the influence of the biophysical parameter retrieval methodologies over the biophysical model outputs was analyzed. Crop potential evapotranspiration (ET c ) has been estimated using the FAO-56 PM equation adapted to remote sensing [3] . In general, the ET c is estimated using the reference evapotranspiration (ET o ) by a crop specific coefficient (K c ), focusing the different studies on optimizing this coefficient for the different crop types with satellite data. For example, [5] optimized the K c coefficient for wheat using SPOT-4 satellite data and [7] optimized the K c coefficient for vineyards with Landsat 8-RapidEye satellite data combination. In this study, on the other hand, the standard K c values established by FAO [3] for each crop type and growth stage were selected and the impact of the LAI parameter on the model was analyzed. The LAI obtained with the different methodologies was used as an input. As a result, the ET c estimated with the ANN S2 LAI product is the closest to the ET c estimated with the in situ LAI. Previous satellite evapotranspiration estimation studies have also used the ANN S2 LAI product as an input, producing satisfactory results in comparison with the soil water balance module in the environmental policy integrated climate (EPIC) model [64] . In addition, this study found that the satellite retrieved LAI values provided a more pronounced seasonal trend compared to the K c approach for both wheat and tomato crop types.
In short, the ANN S2 products are the closest match to the in situ data. From the operational point of view, this study provides evidence that ANN S2 LAI and CCC products have great potential to be used for the estimation and understanding of evapotranspiration, being one of the methodologies that provide similar results to ground-truth, without saturation problems. In future works, the authors want to validate the ANN S2 FVC product with the objective of incorporating this parameter in models applied to the study areas with low vegetation cover FVC ≤ 50%, as is the case of Valencia area.
Conclusions
This study performs a comparative analysis of commonly used methods, vegetation indices (VIs), CLAIR model and artificial neural network Sentinel-2 biophysical processor products (ANN S2 products), for the estimation of leaf area index (LAI) and canopy chlorophyll content (CCC) using the S2 satellite spectral information. Both parameters are essential for the estimation and understanding of the evapotranspiration process. The main strength of this study is that it is based on four in situ LAI and CCC datasets obtained in different parts of the world (Argentina, Italy and Spain), with diverse instruments, from standard instruments (LAI-2000, SPAD) to smartphone applications such as PocketLAI. By applying the methodologies to the different datasets, the ANN S2 products produced good retrieval results both for the LAI (R 2 > 0.70, RMSE < 0.86) and for the CCC (R 2 > 0.75, RMSE < 0.68 g/m 2 ) parameter. Regarding VIs, the normalized SeLI index is the one that obtains the best results in the different datasets for LAI retrieval and for the CCC, the CI red-edge ratio index. Both indices use bands located in the red-edge zone, highlighting the importance of this region. On the other hand, the CLAIR model estimated with fixed extinction values (α*) of 0.41 for herbaceous crops and 0.30 for tree species obtained good statistics (R 2 > 0.63, RMSE < 1.47) and the CLAIR model optimizing the parameter α* (CLAIR opt ) for each of the study areas only slightly improved the RMSE in the two Italian datasets (RMSE ≈ 0.70). It should be mentioned that with the Valencia area dataset, all the methodologies produce statistics that can be improved, due to the high soil influence in this area and the small size of the plots (< 1 ha). Finally, the influence of the LAI parameter on the FAO-56 PM evapotranspiration model adapted to remote sensing was analyzed. This analysis showed that the crop potential evapotranspiration (ET c ) values estimated with the ANN S2 LAI product are the closest to those estimated with the in situ LAI values (R 2 > 0.90, RMSE < 0.41 mm/d) using a dataset with seasonal information of wheat and tomato. Therefore, with all the above, it can be concluded that VIs produce the best statistics, but the ANN S2 products are the only ones that do not produce saturation, demonstrating the great potential of ANN S2 products for operational use in the monitoring of agricultural areas.
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